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ABSTRACT

Background: Sign Language is one of the major application of Assistive Technology (AT). Sign Language Recognition (SLR) has
gained reasonable interest by the researches in the last decade. It mainly aims to develop algorithms and methods for correct
identification of signs and also to avoid the communication gap between normal and people with auditory and articulatory
impairments. Objective: The main objective of our paper is to develop an accurate SLR system that is able to recognize the basic
31 alphabets of Tamil Sign Language (TSL) by using image pre-processing, feature extraction techniques and classification
methods. Initially, the sign dataset is created by sign image acquisition from 30 different people belonging to different categories
such as age group and gender. Then the sign images are pre-processed by using Particle swarm Optimization (PSO) based canny
edge detection, Maximum Stable Extremal Regions (MSER) and hand shape descriptors such as centroid, orientation and solidity
etc., are extracted as features and they are classified by using Multi-class SVM and Navy Bayesian and K-Nearest Neighbor
classifiers. The performance measures such as accuracy, sensitivity and specificity are obtained from the classification process.
Results: The experimental results established that the proposed algorithm achieved considerable improvement over the
performance of existing works in order to recognize TSL signs. The Multi-Class SVM outperformed the other approaches with
98.3% of accuracy and this system is visually interpreted by creating a Graphical User Interface (GUI). Conclusion: The proposed
method with PSO based canny edge detection and optimization, MSER and hand shape descriptors based feature extraction is
said to increase the accurate recognition results and this method is easy to implement when compared to other SLR systems.

KEYWORDS: Tamil Sign Language- Particle swarm Optimization MSER - Navy-Bayesian- KNN- Multiclass SVM classifierKernal
Functions- Distance Measures- Accuracy

INTRODUCTION
A Sign language is a language which uses manual communication to convey meaning, as opposed to
acoustically conveyed sound patterns. It is commonly used by the physically impaired people who cannot speak
and hear. The Sign language is one of the major application of Assistive Technology (AT) that supports
individuals with disabilities in participating in activities that would otherwise be difficult or impossible for them.
AT follows the principles of universal design, permitting access by persons with and without disabilities to make
tasks simpler and more intuitive, more flexible and equitable in use, with lower physical effort and higher tolerance
for errors. An important and visible category within the AT community is known as Augmentative and Alternative
ToCite ThisArticle: S.Selva Nidhyananthan, A.R.Madumathi, R.Shantha SelvaKumari., Sign to Speak – Hand Shape
descriptors and Speech Translation Technique based Tamil Alphabet Fingerspelling Recognition System. Advances in Natural
and Applied Sciences. 11(8); Pages: 485-498
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Communication (AAC), which is focused on multi-modal communication, including technologies for those who
cannot rely on natural speech and/or writing as the primary means of expression [1-2].
The sign language uses visually transmitted sign patterns to convey meaning by simultaneously combining
hand shapes, orientation and movement of the hands, arms or body, and facial expressions to fluently
express/communicate with each other. It is a visual language and consists of 3 major components:
1. Finger-spelling: It is used to spell words letter by letter.
2. Word level sign vocabulary: It is used for the majority of communication.
3. Non-manual features: It uses facial expressions and tongue, mouth and body position.
Despite the common misconception that the sign languages are not real languages, they are as rich and
complex as any spoken language and they also exhibit the fundamental properties similar to all other languages
when the sign language is considered in terms of linguistics [1-3].
Different types of sign languages are available overall around the world which varies from one region to
another region. Some of them include American Sign Language, Chinese Sign Language, Indo- Pakistani Sign
Language, Hungarian Sign Language, Japanese Sign Language, South Asian Sign Languages such as Chinese,
Tibetan, Indian, Sri- Lankan and Pakistan Sign Languages and Arabic Sign Language etc., [3].
It is always challenging for deaf and speech-impaired people to communicate with non-sign language users.
The main aim of this research is to design a sign language recognition system that can be used for communicating
signers with non-signers without the assistance of an interpreter. The paper focuses on recognition of sign
language for 31 basic Tamil alphabets. This paper is organized as follows. The related works for Sign Language
Recognition are briefly described in the Section 2. The Tamil Sign Language (TSL) used in this paper are shown
in Section 3. The image acquisition, pre-processing, particle- swarm optimization (PSO) based canny edge
detection algorithm, the regional based shaped shape descriptors and the Naive- Bays Classifier used in this paper
are shown in Section 4. In Section 5, the experimental results are presented to illustrate effectiveness of the
designed TSL system. Section 6 states the conclusion and future work of this paper.
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Fig. 1: 31 basic Fingerspelling Tamil Alphabets (12-Vowels; 1-Special Character, “Ayuthum”; 18-Consonents)
The Tamil is one of the pre-dominant language among Dravidian Languages and it is rich in vocabulary. The
Signs/ Gestures are developed for the alphabets, words and sentences in Tamil language, which is a major way of
communication among hearing and speaking loss people in Tamilnadu. The Tamil Sign Language follows the
grammar and phonology rules of Tamil Language. This paper mainly focuses on the fingerspelling based sign
language recognition of basic 31 alphabets of Tamil language. The sign / hand gestures used for representing basic
31 alphabets are shown in Fig. 1.
2. Related Works:
Sign Language Recognition aims to develop algorithms and methods to correctly identify a sequence of
produced signs and to understand their meaning. Many approaches to SLR incorrectly treat the problem as Gesture
Recognition (GR). So research has thus far focused on identifying optimal features and classification methods to
correctly label a given sign from a set of possible signs. However, sign language is far more than just a collection
of well specified gestures [10]. This section serves to outline the areas which are currently generating the most
interest due to the challenges they propose. While some of these are recent topics, others have been challenging
computer vision experts for many years.
Data Acquisition Techniques: Acquiring data is the ﬁrst step in a SLR system. Sign language involves many
features which are based around the hands, in general there are hand shape/orientation (pose) and movement
trajectories, which are similar in principle to gestures. A survey of GR was performed by Mitra and Acharya [25]
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giving an overview of the ﬁeld as it stood in 2007. While many GR techniques are applicable, Sign language
offers a more complex challenges when compared to the domain of gesture recognition.
Given that much of the meaning in sign language is conveyed through manual features, this has been the area
of focus of the research up to the present as noted by Ongand Ranganath in their 2005 survey [31]. Many early
SLR systems used data gloves and accelerometers to acquire speciﬁcs of the hands. The measurements (x, y, z,
orientation, velocity etc.,) were measured directly using a sensor or Data Glove [31&42].
Vision – based sensors and Data gloves can be used to acquire sign language data, which may provide most
useful and precise data during data acquisition. Medi and Khan [28] first applied data gloves to sign language
and translated ASL into an English sentence. Kiran .R 2015 [20] proposed a digital vocalizer system based on
sensor (flex and accelerometers) and glove approach. Ravindra Kshirsagar et al. implemented glove and
microcontroller based gesture recognition system. Mandapati Praveen et al. 2015 [25] suggested a gesture to voice
conversion system for both speech and hearing impaired disabilities, in which gesture gloves were used for data
collection. More often than not, the sensor input was of sufﬁcient discriminatory power that features are directly
taken from them. Gao et al. 2000 [13] constructed an interesting system namely Hand-Talker, which can help
deaf people to interact and to make connections between gesture language and spoken language.
In [1], Von Agris et al. 2008 presented a comprehensive sign language recognition system using images from
a single camera. The system was developed to use both manual and non-manual features in a Pa HMM to
recognize signs, and furthermore, statistical language modelling is applied and compared. Aran et al. 2009 [2]
compared various methods to integrate manual features and non-manual features in a sign language recognition
system. Fundamentally they have identiﬁed a two steps of classiﬁcation process, whereby the ﬁrst step involves
classifying based on manual signs. When there was ambiguity, they introduced a second stage classiﬁer to use
non-manual signs to resolve the problem. While this might appear a viable approach, it is not clear from sign
language linguistics that it is scalable to the full SLR problem.
The Finger spelling is an extension of Manual features, which is considered as a subset of sign language.
Recognizing ﬁnger spelling requires careful description of the shapes of the hands and for some languages the
motion of the hands. Isaacs and Foo [16] worked on ﬁnger spelling using wavelet features to detect static hand
shapes. This approach limited them to non-dynamic alphabets. Liwicki and Everingham also concentrated on BSL
ﬁnger spelling [24]. They combined HOG features with an HMM to model individual letters and non-letters. This
allowed a scalable approach to the problem; unlike some of the previous work by Goh and Holden, which
combined optical ﬂow features with Hidden Markov Model (HMM) but which only encoded the co-articulation
present in the dataset lexicon. Anup Kumar et al. 2016 [3] represented a methodology for the recognition of Indian
Sign Language (ISL). It can be inferred that by using fusion of Discrete and Cosine Wavelet Transform
(DWT+CWT) based features such as mean, covariance, Standard deviation etc., gives better classification and
accuracy but only 13 sign alphabets were used for recognition and the alphabets with complex signs were avoided.
Feris et al. 2004[12] generated an edge image from depth which is then used to generate a scale and translation
invariant feature set very similar to Local Binary Patterns. This method was demonstrated to achieve high
recognition rates, notably where other methods failed to discriminate between very similar signs. Amitkumar
Shinde et al. 2015 [5] proposed an advanced computer vision based sign language recognition for 43 isolated
Marathi alphabets by using skin – color based segmentation and template matching algorithm. Nagaraj H.N et al.
[] proposed a methodology for translating static sign symbol to words in Kannada language. Karen Das et al. 2015
[37] proposed a recognition system for Indian sign language based on Eigen value and weighted Euclidean
distance based classification technique. Pritam L. Mahamane et al. 2016 [33] proposed a real-time static
Devanagari Sign Language Translation using histogram techniques. Kannan Balakrishnan et al. implemented an
automatic translator prototype for Malayalam to sign language translation. Sudha.S et al. 2016 [39] proposed a
vision based Tamil sign language recognition system, which was implemented in two phases such as image
compression by using Two-Dimensional Discrete Sine Transform (DST) and pattern recognition by using deep
learning techniques such as the Kohonen Self Organizing Feature Map (SOFM) or Self-Organizing Map (SOM)
Neural Network for dynamic gesture recognition. Subha Rajam et al.2014 [38] proposed right-hand palm based
Tamil sign language recognition system using image processing applications which is based on only two features
such as position and height of the fingers and it also uses right hand palm scanning method and binary to decimal
conversion.
Chenyang Zhang et al., 2016 [10] have proposed a method based on multi-modality recognition for American
Sign Language recognition. In this paper, a visual recognition system based on action recognition techniques to
recognize individual ASL signs had been designed for the recognition of words in videos of continuous ASL
signing. The proposed framework combines multiple signal modalities because ASL includes gestures of both
hands, body movements, and facial expressions. Experimental results demonstrate that the proposed framework
can automatically recognize ASL. Ramesh. M. Kagalkar et al. proposed a methodology for sign language video
interpretation in Hindi text language. It is a video processing system in which the frames are extracted and
morphological operations such as erosion, dilation, descriptors of elliptical Fourier for feature extraction, wavelet
transform and image fusion techniques were been used for feature extraction and classifying sign into Hindi text.
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Mishra et al., 2016 [37] have made a research that targets Indian sign recognition area based on dynamic hand
gesture recognition techniques in real-time scenario. The captured video was converted to HSV color space for
pre-processing and then segmentation was done based on skin pixels. Also Depth information was used in parallel
to get more accurate results. Hu-Moments and motion trajectory were extracted from the image frames and the
classification of gestures was done by Support Vector Machine. The system was tested with webcam as well as
with MS Kinect. This type of system would be helpful in teaching and communication of hearing impaired
persons.
Tzuu Hseng et al. 2016 [41] proposed a method for interaction between humans and robot home-service
related sign language recognition system based for Taiwan sign language, which implements entropy based Kmeans algorithm and ABC-based HMM. The grammar of sign language for deaf people is different from that of
the spoken/written language. Wu et al. 2004 [11] proposed a Predictive Sentence Template (PST) –based language
model to translate sign language into written language. These applications help to innovate interactions between
hearing and deaf people.
Another application of SLR is translating sign language into sound. P. Jayanthi et al. 2014 [39] proposed a
method for translating Tamil sign language alphabets. Dr.T.Mala, et al. 2016 [26] proposed a novel automatic
machine translation system for translating Tamil noun words into sign language variants, a special method for
translating Tamil noun words to sign gestures in sign language.
MATERIALS AND METHODS
The Tamil Sign Language Recognition (TSL) is implemented by using digital image processing applications.
The flow diagram for implementation for TSL is shown in Fig. 2.
1.Pre-Processing:
Before constructing the recognition model, it is worthwhile and necessary to perform a prior process for the
captured images, so that one can acquire more clear, reliable and useful features for the classifier [3]. In this step,
the RGB color image is converted into gray-scale image. The Gray-scale image is then converted to binary image
and the segmentation process is done for the image by using edge detection method. Canny edge operator is used
for this process [5].
Canny Edge Operator:
Gaussian filters are used for canny edge detection. The kernel of size (2k+1) (2k+1) for Gaussian filter is
given by Equation (1).
 (i  (k  1)) 2  ( j  (k  1)) 2 
1 
(1)
 exp
 ;1  i, j  (2k + 1)
Hij 
2 2 

2 2




The intensity gradient of the image and its direction is computed by using the Equations (2) and (3)
respectively.
(2)
G  Gx 2  Gy 2 

489

S.Selva Nidhyananthan et al., 2017/Advances in Natural and Applied Sciences. 11(8) June 2017, Pages: 485-498

Fig. 2: Flow diagram for Tamil Sign Language Recognition
Particle Swarm Optimization (PSO) algorithm:
This algorithm is implemented along with canny edge detection method in order to obtain optimum edge
results [6 and 10]. The flow diagram for PSO – based canny edge detection is shown in Fig.3.

Original
image

Smoothing of input image - Gaussian filter

Determination of image gradients

Application of the Non-maximum
suppression image

Particle Swarm Optimization algorithm
implementation

Implementation of double and hysteresis
thresholding (edge tracking )
Retrieval of Segmented Image
.
Fig. 3: PSO based canny edge detection method –Algorithm
2. Feature Extraction:
The process of defining image characteristics or a set of features, which will efficiently represent the data that
is important for analysis and classification [6]. In this paper, regional based hand shape descriptors are extracted
from the edge detected images. Both boundary and interior pixels of an object can be obtained from regional based
analysis [12].
a.

Solidity:
The measure of ratio between the area and convex area of the object for 2 dimensional image objects is
referred as solidity. It can be obtained using the Equation (4).
(4)
Solidity

Area
Convex Area

b.

Area:
The measure of scalar quantity that can be computed by measuring the actual number of pixels present in the
region of the image is referred as area.
c. Perimeter:
It is the measure of scalar quantity that can be computed by measuring the distance between each pair of
adjacent pixels present around the boundary of the region.
d.

Eccentricity:
It is the measure of aspect ratio. It’s ratio of length of major axis to minor axis and can be calculated by
principal axes method or minimum bounding rectangular box as shown in Equation (5). Its value lies between 0
and 1.
Major axis length
(5)
Eccentricity 
Minor axis length

e.

Convex area:
It is the scalar quantity that describes the number of pixels in Convex Image (binary image with convex hull).
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f.

Major and Minor axis length:
Both of them are scalar quantities, which specifies the length of the major/minor axis of ellipse of a region
with a same normalized 2nd central moments.
g.

Orientation:
It is a scalar that specifies the angle between x-axis and the major axis of the ellipse that has the same 2nd
central moments of the region of that object. It may vary in degrees ranging from -90 to 90 degree range.
h.

Centroid:
It is a scalar quantity. It can be computed as the coordinates of pixels in hand region. The centroid can be
obtained by using Equations (6) and (7).



k

Centroid of x coordinate : x 

i 0

xi



k

Centroid of y coordinate : y 

th

(6)

k
i 0

yi

(7)

k

where, k is the number of pixels that represent only the hand position; x and y are x and y coordinates of i
pixel in hand region.

Maximum Stable Extemal Regions (MSER) Features: In computer vision, maximally stable extremal
regions (MSER) are used as a method of blob detection in images. It is used to find correspondences between
image elements from two images with different viewpoints. This method of extracting a comprehensive number
of corresponding image elements contributes to the wide-baseline matching, and it has led to better stereo
matching and object recognition algorithms.
3. Classification:
It is a process in which individual items (objects/designs/image regions/pixels) are grouped on the similarity
between the item and the description of the group. A classifier always tries to improve the classification rate by
pushing classifiers into an optimized structure. Classification mainly concentrates on finding the best matching
feature vector for the new vector among the set of reference features.
A. Naive Bayesian classifier:
The Naive Bayesian classifier is based on Bayes theorem by considering independent assumptions between
the predictors. The Bayes theorem can be stated by using Equations (8) and (9).
P( X | H ) P( H )
(8)
P( H | X ) 
P( X )

P (C j | X ) 

P ( X | C j ) P (C j )

(9)

P( X)

A Naive Bayesian model as shown in Equations (10) and (11) is easy to build, since there is no complicated
estimation of iterative parameters, which makes it particularly useful for very large datasets[12 & 13].
P (c | x ) 

P ( x | c) P (c)
P( x )

P(c | x)  P( x1 | c)  P( x2 | c)  .......  P( xn | c)  P(c)

(10)
(11)

where, P(c|x): Posterior probability of class (target) and given predictor (attribute); P(c) : Prior probability
of class; P(x|c): Likelihood which is the probability of predictor given class; P(x): Prior probability of predictor.
Training Phase:
By assuming that the features are conditionally independent, the parameters of probability can be estimated
by using training samples.
Predictor Phase:
The posterior probability of each class for the unknown sample can be computed and the classification can
be done by considering the largest posterior probability which are computed by using Equations (10) and (11).
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B. Multi-Class SVM:
In pseudo code, the training algorithm for an One versus All (OvA) learner constructed from a binary
classification learner L is as follows:
Inputs:
i.
L, a learner (training algorithm for binary classifiers)
ii.
samples X
iii.
labels y where yi∈ {1, … K} is the label for the sample Xi.
Output: a list of classifiers fk for k∈ {1,…., K}.
Procedure: For each k in {1, …, K}
1. Construct a new label vector z where zi = 1 if yi = k and zi = 0 otherwise.
2. Apply L to X, z to obtain fk .
Making decisions refers to applying all classifiers to an unknown sample x and label (k) prediction for which
the corresponding classifier reports the highest confidence score as given by Equation (12).
^

y  arg max f k( x)

(12)

k  {1.....k}

There are different kernel functions are used during the implementation of the SVM Classifier. The different
types of SVM kernel functions are shown in Table I.
Table I: SVM Kernel Functions
Type of Kernel
Linear Function

Internal Product Kernel

L  ( xi xi 1 )
T

Radial Bias Function (RBF/ Gaussian expo)

G  exp[ 

|| x r  xi || 2
]
2 2

Sigmoid Function

S  tanh(  0 xT .xi  1)

Polynomial Function

P  ( xT xi  1) 

Class 1 Vs Class 2
Class 1 Vs Class 3

Input
Vector

f(x)1

Class 1 Vs Class K

Result
Class 2 Vs Class 1

Classificati
on Criteria

Class 2 Vs Class 3

f(x)2
Class 2 Vs Class K

Class K Vs Class 1
Class K Vs Class 2

Class K Vs Class (K-1)

f(x)K
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Fig. 4: Multi-Class SVM Implementation
C. K-Nearest Neighbor (KNN):
This algorithm is used for classifying objects based on closest training examples in the feature space. It uses
feature vectors generated during the training phase to get the K-NN in a dimensional space. The features vector
is classified by a majority vote of its neighbors. Neighbors are taken from a set of objects for which the correct
classification is known. The Distance measures are used to calculate the difference between the query and the
target shape feature vectors and return the number of approximate nearest neighbors.
The extracted features of test image and stored training image feature database are fed into the nearest
neighbour classifier. First, the distances between the test features and each of the training feature vectors are
calculated. Then, test sample is recognized into one of the training gesture class by computing minimum distance
between them. In this study, four distance measures such as Euclidean, city block, correlation and cosine are
analyzed.
Let us consider, the features of unknown hand gesture image are x=x 1, x2.,x3…xn, and training features in the
database are y= y1,y2, x3…..yn. The computation of the distance measures are as follows: The distance between the
query and the target feature vectors can be calculated by using different distance measurements as shown in Table
II.
Table II: Distance Measures used in K-NN algorithm
Distance Measures
Computation of Distance Measures
Euclidean Distance

Cosine Distance

Euclidean 

( x1  y1 ) 2  ( x2  y 2 ) 2  .....  ( xn  y n ) 2

x

Cosine 

x
i

City block Distance

i

yi

i
2
i

y

2
i

i

Cityblock  | x1  y1 |  | x2  y2 | 2 ..... | xn  yn |

Correlation Distance

Correlation 

N . xy  ( x).( y )
[ N . x 2  ( x) ].[ N . y 2  ( y ) ].
2

2

4.Performance Measures:
The TSL system is evaluated by using parameters such as accuracy, sensitivity, specificity, precision and
F1_score, etc., Equations (12-14) is used to compute the performance measures of the recognition system.

Accuracy 

tptn
tp fp fntn

(12)

Sensitivity 

tp
(tp  fn)

(13)

Specificity 

tn
(tn  fn)

(14)

where, tp : true positive (correctly classified\selected); tn : true egative (correctly misclassified\rejected); fp:
false positive (incorrectly classified\selected) and fn: false negative (incorrectly misclassified\rejeted)
respectively.
RESULTS AND DISCUSSIONS
The hand images in JPEG format are acquired by using Cyber-shot camera with specifications such as 50
mm macro lens, F-number of F/5.6, ISO speed of ISO-200 with a minimum resolution of 1936 x 1296 pixels.
The database is created by collecting hand images which represents 31 different Tamil alphabets, collected
from 30 candidates each belonging to different gender and age group respectively. These images are pre-processed
to select Region Of Interest (ROI) of size 128 × 128 pixels. The sample images stored in Tamil Sign Alphabets
database are shown in Fig. 5.
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Signer/Tamil
letter

m

M

,

<

I

Signer 1
Signer 2

Signer 3

Signer 4

Signer 5

Fig. 5: Sample Images from TSL alphabet Database for Tamil vowels (m M , < I)
The Sign image is pre-processed and the edges are detected by using canny edge operator. The PSO based
Canny edge detection techniques gives the optimized canny detection results with double thresholding hysteresis
technique. The experimental results of pre-processing are shown in Fig. 6.

Original Image

Grayscale Image

Binary Image

Canny Edge Image Optimized Canny Edge
Image

Fig. 6: Pre-Processing of Sign Image representing Tamil letter “xs”
The region based analysis was done based on hand shape descriptors and MSER features and the obtained
results are shown in Table I.
Table III: Sample values of features obtained from different signers for Tamil sign alphabet “xs”
S.No
Features
Signer 1
Signer 2
1
Solidity
0.04128
0.028
2
Area
993
1845
3
Perimeter
1626.027
3022.107
4
Majoraxis length
305.368
581.800
5
Minoraxislength
126.993
331.732
6
Eccentricity
0.909
0.8215
7
Convex area
24055
88505
8
Centriod 1
173.938
218.321
9
Centroid 2
331.267
264.965
10
Orientation
76.28
68.72

Signer 3
0.0776
277
231.88
113.030
133.83
0.760
3568
127.945
308.859
81.93

The Classification is done by using Naive- Bayes, Multi-class SVM and K-NN Classifiers and the
performances are evaluated by measuring accuracy, sensitivity, specificity which is shown in Table VII. The
performance comparision between the above mentioned classifier is shown in Fig.9.
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Table IV: Performance Evaluation of Fist Five classes of Navie- Bayes and Muiti-class SVM Classifier
Class
Naive Bayes Classifier
Multi- class SVM Classifier
Accura
Sensitivity (%)
Specificity (%)
Sensitivity (%)
Specificity (%)
cy (%)
1 (m)
91.7
97.9
96.7
91.7
95.8
2 (M)
91.7
93.8
93.3
83.3
95.8
3 (,)
75.0
97.9
93.3
91.7
98.0
4 (<)
83.3
93.8
91.7
83.3
94.4
5 (c)
99.7
97.8
97.8
83.3
95.8
6 (C)
75.0
97.5
96.8
10.0
98.6

Accura
cy (%)
95.0
93.3
96.7
90.0
93.3
82.8

The Classification is done by using Multi-class SVM and five kernel funtions and the performances are
evaluated by measuring accuracy of the system. It is inferened from the Table V. The performance comparision
between the above mentioned classifier with different kernel functions is shown in Fig.7. From the experimental
results, Radial Bias Function provides higher accuracy of classification results and recogntion.
Table V: Performance Evaluation of different kernel functions in Muiti-class SVM Classifier
Multi- class SVM Classifier – Kernel Functions
Performance
Linear (%)
RBF
Multi-layer
Sigmoid (%)
Measures
(%)
Perception (%)
Accuracy
96.72
98.34
94.11
69.27

Polynomial
(%)
93.75

The Classification is done by using K-NN Classifier with various distance measures and the performances
are evaluated by measuring accuracy is shown in Table VI. The performance comparision between the above
mentioned classifier is shown in Fig.8. From the experimental results, Cosine distance measure provides higher
accuracy of classification results and recogntion.
Table VI: Performance Evaluation of various distance measures in KNN algorithm
K-NN Classifier – Distance Measures
Performance
Euclidean
Cosine
Measures
(%)
(%)
Accuracy
87.51
93.65

City block
(%)
90.46

Correlation
(%)
89.08

The Classification is done by using Naive- Bayes ,Multi-class SVM and K-NN Classifiers and the
performances are evaluated by measuring accuracy is shown in Table VII. The performance comparision between
the above mentioned classifier is shown in Fig.9. From the experimental results, Multi-Class SVM provides higher
accuracy of classification results and recogntion.
Table VII: Performance Evaluation of Bayes Classifier and Muiti-class SVM Classifier
Classification
Performance Measures
Navie-Bayesian
Multi- Class SVM
(%)
(%)
Accuracy
97.12
98.3

K-NN
(%)
93.65

Performance Comparision of Kernel Functions in
Multi-Class SVM
120
100

96.72

98.34

94.11

93.75
69.27

80
60
40
20
0

Accuracy
Linear (%)

RBF (%)

Multi-layer Perception (%)

Sigmoid (%)

Polynomial (%)
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Fig. 7: Performance Comparision of of Kernel Functions in Multi-class

100

SVM Classifiers.

Performance Comparision of Distance Measures in
K-NN Classifier
93.65
90.46
89.08
87.51

80
60
40
20
0

Accuracy
Euclidean (%)

Cosine (%)

City block (%)

Correlation (%)

Fig. 8: Performance Comparision of Distance Measures in K-NN Classifier
Performance Comparision of Classifiers
120
100

97.12

98.3

93.65

80
60
40
20
0

Accuracy
Navie-Bayesian (%)

Multi- Class SVM (%)

K-NN (%)

Fig. 9: Performance Comparision of Naive-Bayes Multi-class SVM Classifiers and K-Nearest Neighbour
After the classification process, the Text to Specch conversion(TTS) is implemented in the research and the
recognized Tamil alphabet is displayed along with the speech output. The results are interpreted visually by
creating a Graphical User Interface (GUI) for TSLR system as shown in Fig.10.
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Fig. 10: GUI for Tamil Sign Alphabet Recognition
Conclusion And Future Work:
A Sign language is a language which uses manual communication to convey meaning, as opposed to
acoustically conveyed sound patterns. It is commonly used by the physically impaired people who cannot speak
and hear. Tamil Sign Language Recognition system for basic 31 Tamil alphabets (12 Vowels, 1 special character
“Ayuthum” and 18 Consonants) to aid people with auditory and articulatory impairments is developed and the
proposed method is able to recognize the alphabets. The accuracy rate of 97.12 %, 98.3% and 93.6% is -class
SVM achieved by using Naive Bayes, Multi-class SVM and K-NN classification respectively. On comparison,
Multi-class SVM classifier recognizes the Tamil alphabets with maximum rate of accuracy. This method is based
on some constraints such as uniform black background color and recognition of static signs only. This work can
be extended by overcoming the above stated constraints for independent background and dynamic sign recognition
by using video-processing applications.
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